The objective of this paper is to evaluate the effectiveness of using a Markov switching model to measure the synchronization of business cycles. We use a Bayesian, Gibbs sampling approach to estimate a multivariate Markov switching model of GDP growth for several countries. We look for evidence of synchronization across countries in the sense of common Markov states, covariance of impulses and a long-run co-integrating relationship. We then use the fitted data implied by the posterior distribution of the Markov switching VAR, in conjunction with a dating rule, to obtain the posterior distribution of binary business cycle states. We use these to investigate the posterior distributions of non-parametric measures of synchronization described by Harding and Pagan (2003) and compare them with similar measures obtained from standard reference chronologies. As a point of reference, we repeat this exercise using simulated data from a linear VAR.
Introduction and motivation
Since James Hamilton's seminal 1989 Econometrica paper, numerous studies have applied Markov switching models to the study of business cycles. Among many others, see McCulloch and Tsay (1994) , Albert and Chib (1993) , Durland and McCurdy (1994) , Filardo (1994) , Goodwin (1993) , Nelson (1999a, b), and McConnell and Perez-Quiros (2000) . Within this framework output growth is modelled as an autoregressive process subject to parameter shifts, usually in the conditional mean, as determined by a latent Markov process. Markov switching models are able to capture asymmetries in the depth and duration of output growth phases and, in general, are able to fit the data better than linear models of output growth.
As Markov switching models provide information about the timing of regime changes, they are often used to create business cycle chronologies, and these can be used to measure synchronization (see, for example Bodman and Crosby (2000) , Guha and Banerji (1998) ). However, a univariate regime switching framework seems an inappropriate tool for drawing inferences about the synchronization of business cycles, as estimating individual Markov switching models for each country is equivalent to imposing the restriction that the data are drawn from a mixture of normal distributions with a diagonal covariance matrix.
Literature on the nature of synchronization between international business cycles using a multivariate regime switching framework has been quite limited. Phillips (1991) estimates a bivariate version of Hamilton's (1989) regime switching model in which the unconditional means of real GDP growth for a pair of economies are driven by an unobserved four state Markov process: a high growth and low growth state for each country. Evidence of synchronization is assessed by testing restrictions on the transition matrix which would imply a common two state Markov process affecting output growth in each country. Krolzig (1997) extends Phillips' (1991) analysis to the multivariate case, assuming perfect synchronization of Markov states across countries. This assumption is made in order to make the analysis tractable as an unrestricted version of an -country model with possible regimes would require the estimation of transition probabilities. Any synchronization of business cycles in this approach arises through common shocks as measured by the off-diagonal elements of the covariance matrix and through the propagation of cross country and country-specific shocks through the vector autoregressive terms. Artis et al. (2004) , examining the European business cycle, extend Krolzig's (1997) analysis to allow for the possibility of a long run cointegrating relationship amongst the series.
An alternative framework which avoids the restrictive assumption of a common Markov state is developed by Paap and Dijk (2003) , who modelled the relationship between consumption and income. This approach allows the growth rate in each country to depend on both its own Markov state and the Markov states of other countries. In this approach only transition probabilities need be estimated.
In the first part of our paper we adapt the Bayesian methods of Paap and van Dijk to investigate the posterior distributions of the parameters of a six country Markov switching vector autoregression (MS-VAR), in order to examine any synchronization that occurs in international business cycles. We look for evidence of a common Markov state and for evidence of a long run cointegrating relationship in the countries' GDP data. In addition we examine the extent to which countries are affected by common impulses and the nature of the propagation of these impulses between countries. For comparison, we also obtain the posterior distributions of a linear VAR and use posterior odds ratios to test the hypothesis of linearity. Harding and Pagan (2002) and Hess and Iwata (1997) have recently questioned the appropriateness of using Markov switching models to capture the features of the business cycle. In order to evaluate several popular models of real GDP growth, including Markov switching models, they simulate data from the estimated parameters of the models and compare the ability of the simulated data to match the cyclical characteristics of the observed data, such as the duration and amplitude of phases of the classical business cycle. Amongst their findings is that find that Markov switching models perform quite poorly in this regard relative to a simple AR(1) model.
In the second part of our paper, we seek to examine whether or not allowing for Markov switches in each country's conditional mean growth rate provides any information about the synchronization of business cycles over and above the linear VAR.
To do so, we make use of the measures of synchronization proposed by Harding and Pagan (2003) who investigate the nature of what "synchronization" means in the context of binary time series, drawing a distinction between concordance (the fraction of time that two series are in the same state) and correlation (the extent to which turning points in the two series occur near each other). By using the fitted data implied by the posterior distributions of the parameters of the VAR and the MS-VAR along with random innovations, we construct the posterior distributions of concordance and correlation statistics and compare them with the concordance and correlation of reference chronologies for classical cycles produced by the National Bureau of Economic
Research (NBER) and the Economic Cycle Research Institute (ECRI) .
When assessing the fit of the two models to the data, we demonstrate that it is important to distinguish measures of fit for which the characteristics of turning points implied by a model (such as duration or amplitude) are key, and measures for which it is the location of turning points that matters. The main distinction between our Markov switching and linear VAR models is along this dimension. Although the linear VAR produces turning points that agree fairly well with the data, we demonstrate that the MS-VAR model contains vital information about the likely location of these turning points. The posterior distribution of turning points generated by the linear VAR is essentially at across the sample period as a consequence, the modal value of the correlation of business cycles is zero for all country pairs.
Dating cycles
We base our model on Paap and Dijk (2003) , decomposing the vector of real GDP levels into a trend component and a VAR( ) process, where
with .
The trend component is assumed to be in uenced by the unobserved state of each economy, modeled as an independent, first order, Markov process, with indicating a period of high trend growth and indicating a period of low trend growth for country . Each Markov process is assumed to be stationary and ergodic, switching according to the transition probabilities
The trend is modelled as
where and are vectors and is an matrix so that an individual country's trend component may be in uenced by own its own Markov state as well as the Markov states of other countries, .
As described by Paap and Dijk (2003) , the backward solution of is (3) where is the initial value of the Markov trend.
It is by now well known that any process of form may be expressed equivalently as 
lie outside the unit circle. In this case and therefore will be stationary around a multivariate Markov trend and the long run impact matrix will be of full rank . As discussed by Paap and Dijk (2003) , this will be a multivariate extension of the univariate Markov switching model of Lam (1990) and may be expressed in full as (6)
A second possibility is that implying unit root solutions to with remaining roots outside the unit circle. is and there is no long run relationship between the variables. In this case may be expressed as which is a multivariate extension of the model of Hamilton (1989) .
A third case of interest occurs when implying that roots lie on the unit circle, while other roots lie outside the unit circle. There will then be common stochastic trends. In this case can be expressed as the product , where and are matrices of rank and is a stationary process. The matrix characterizes the cointegrating relationships between the elements of and describes the impact of of the cointegrating vectors on the evolution of . In this case may be expressed as
There are three sources of co-movement of real output series in the general model:
Covariance of the VAR error terms, the propagation of impulses across countries via the and terms, and through the common component of Markov level shifts in growth rates of real GDP as represented by . Movements in output growth across countries will be independent if , , and are diagonal.
Estimation
A drawback of estimating Markov switching models via maximum likelihood techniques is that they require a degree of approximation when making inferences about
. To see this note that as the state variables are unobserved, estimation of the model is a two stage process. In the first stage, the vector of unknown parameters would be estimated so as to maximize the log of the unconditional density of . This is found to be the sum of the joint distributions across all possible states. Once estimates of have been obtained, inference about the probability of being in a particular state at a given point in time may be made by using the definition of conditional probability:
Therefore, estimates of the states do not re ect the uncertainty inherent in the estimates of . Unlike the classical approach, Bayesian analysis treats both the parameters of the model and the unobserved states as random variables, with inference about drawn from their joint distribution conditional upon the data, rather than the conditional distribution, . As noted by Albert and Chib (1993) , this allows us to treat the unobserved states, , as additional parameters to be estimated (through simulation), along with the unknown parameters, .
We adopt the Bayesian approach for estimating the parameters of the model outlined in Paap and Dijk (2003) . This procedure follows from recent work by Albert and Chib (1993) , who demonstrated that Bayesian estimation of Markov switching models is relatively simple to implement using the Gibbs sampler.
We make only two departures from Paap and Dijk (2003 In order to sample so that we adopt the approach of Geweke (1991) , who suggested an efficient method for drawing samples from a truncated multivariate normal distribution subject to linear constraints. This method makes use of the property that the distribution of each element of conditional on each of the other elements of , will also be truncated normal. As such, it is possible to sample recursively from univariate truncated normals subsequent to a Cholesky decomposition. This method was independently developed by Keane (1990) , and Hajivassiliou and McFadden (1998) . The resulting technique is known as the Gewke-HajivassiliouKeane (GHK) simulator. While several other methods for sampling from a truncated multivariate normal distribution exist, Hajivassiliou et al. (1996) make a comparison of several methods and conclude that the GHK simulator is the most reliable method. We adopt that approach here.
2
The second difference between our approach and that of Paap and Dijk (2003) is that we specify independent beta priors for and rather than uniform priors. The transition probabilities in univariate Markov switching models contain important information about the expected duration of regimes. It can be easily shown that the expected duration of a high-growth regime for country is , while the expected duration of a low-growth regime is . Obviously, these parameters have a slightly different interpretation in the MS-VAR as the growth rate of country may also be affected (either positively or negatively) by low growth periods of the other countries.
However, given that the prior means of the off-diagonal elements of , , and are set to zero, implying independence of business cycles, it seems reasonable to set the priors on and to be to consistent with business cycle frequencies. This is gen- 
Posterior distributions
Seasonally adjusted real GDP data for Australia, Canada, Japan, Germany the U.K. 
Posterior odds
A by-product of our estimation procedure is an estimate of the posterior odds ratio in favor of the linear VAR relative to the MS-VAR. Newton and Raftery's (1994) 
Cointegration
As discussed above, the model of Paap and Dijk (2003) is attractive for our purposes because it allows separate analysis of possible cointegration and the effects of the Markov state variables. Because the primary focus of this paper is on the latter, however, we present our cointegration results only brie y, and mainly using informal graphical methods.
We assessed the cointegrating rank of both models using the techniques described in Paap and Dijk (2003) , which are based on the singular value decomposition of the matrix. For both the Markov switching and linear VAR models, the posterior distributions of the cointegrating rank had mass 1 on a rank of 1. In order to examine the cointegrating vector for each model, we imposed a rank of one and computed the posterior distribution of the and vectors using the posterior mean cointegrating space (PMCS) estimator of Villani (2003) . This estimator is attractive because it is invariant to the order of variables in the system, and does not require us to normalize on a particular coefficient. The technique is a simple modification of the procedure described in Paap and Dijk (2003) , and proceeds as follows:
1. compute and as described in Paap and Dijk (2003) 2. re-normalize to make it orthonormal:
(and normalize in a complementary manner so that the product is unchanged)
3. compute the eigenvalues of corresponding to the largest eigenvalues (in our case, 4. the PMCS estimator is then the mean of across Gibbs sampling draws. is not clear why this relationship would only "matter" to Japan. Again, there may be a plausible economic rationale for this, but we would argue that the results from the MS-VAR model have a more appealing "Occam's razor" property.
Common Markov states
As Paap and Dijk (2003) show, inference on whether the six countries in our sample share a common Markov state variable can be carried out in a manner analogous to that for cointegration rank, by performing a singular value decomposition on the matrix When we compute the posterior probability distribution across the possible numbers of Markov states, the inference is nearly as stark as it is in the case of cointegration. Over 96.5 per cent of the posterior probability was assigned to a model with six Markov states. There was about a 2.1 per cent probability that has a rank of five, and 1.3 per 
Posterior analysis of business cycle phases

Censoring of Markov states
Once we have identified an initial set of Markov states , we need to convert them into business cycle states ! . This is necessary because we wish to assess the ability of the Markov switching model to generate "business cycles" that look like the actual ones that we observe. Our ultimate functions of interest therefore concern ! 's and not 's.
A common method of converting the former to the latter is to set ! if . However, as argued by Harding and Pagan (2002) , a set of turning points needs to meet several important criteria to match the definition of a business cycle as commonly used by traditional dating committees such as the NBER. These criteria include peaks and troughs that alternate and minimum durations of recessions and expansions.
The Bry and Boschan (1971) dating algorithm was developed as a transparent and automatic nonparametric method of dating the turning points of the business cycle in a monthly series. It is directly based upon the methodology of Burns and Mitchell (1946) and the dating committee at the NBER. Harding and Pagan (2002) adjust the algorithm for quarterly data. Given a quarterly time series, they define a trough as occurring at time whenever ensuring that is a local minimum relative to the two quarters on either side of the observation. A peak is defined analogously as occurring whenever
This rule, combined with some other censoring rules that impose a five quarter minimum duration for an entire cycle and a minimum of two quarters for each expansion or contraction phase, is named the BBQ algorithm by Harding and Pagan (2002) .
We follow Harding and Pagan and use their BBQ algorithm to map the into ! .
This procedure ensures that the simulated data from the Markov switching model is treated in the same way as the actual data, insofar as the location of turning points is concerned.
For each draw of the parameters, we constructed a data series of the same length as our observed sample, then filtered these series using the BBQ dating algorithm and NBER-style censoring rules. We have used the same procedure in earlier work (Smith and Summers (2002) ) to relate Bayesian priors on model parameters to implied priors on observable features of real-world business cycles. This resulted in 75,000 simulated business cycle chronologies for each country. Because some parameter values resulted in explosive behavior in the simulated data, we impose a further "reality check." This consisted of excluding from our analysis any simulated data series in which the maximum or minimum growth rate was greater (in absolute value) than four times the observed maximum or minimum. We also exclude simulated series with less than two turning points. This is necessary to rule out cases in which a single expansion or contraction acts as an absorbing state. The proportion of simulated series that satisfied these criteria is given in the The "reality check" filter had more of an effect on data simulated from the linear VAR, especially for Japan. This table gives at least some informal support to the MS-VAR model, in the sense that data generated from that model are more likely to resemble our actual GDP data. The contrast between the performance of the two models highlighted by figures 6 and 7 is striking. It is not correct to infer from figure 7 that the linear VAR model does not generate turning points or cycles. Indeed, we demonstrate below that the linear VAR does in fact generate turning points -see table 2 and figures 8 and 10 -and that in many cases this model does as well as the MS-VAR when compared to the data. The message from figure 7 is that these cycles occur with roughly equal probability at all dates throughout the sample period, and so get averaged out across Gibbs draws. Furthermore, because the residual covariance matrix is not diagonal, the contemporaneous correlation of shocks across countries means that the cycles generated by the VAR tend 4 It is important to note that we are not simulating data in the same way as, for example, Harding and Pagan (2002) . An equivalent procedure in our case would involve generating a large number of simulated data series with the parameter values fixed at their posterior means. Here we are interested in the nature of the posterior distributions of quantities such as or the correlation between and It is these distributions that we are really "simulating."
to have concordance and correlation values that are not too dissimilar to the observed data (we discuss these measures below). In other words, given any single draw of the parameters, turning points may occur near each other. But there is no reason to expect them to occur at same points in the sample across draws.
On the other hand, the Markov switching VAR has additional information about where turning points are likely to be located over the sample period. Although the unobserved Markov states are different from the business cycle states ! , the former do seem to convey important information about the temporal location of the latter. 
Assessing synchronization
Recent papers by Artis et al. (1997) and Bodman and Crosby (2000) employ nonparametric methods to test for the independence of business cycles in the G7 countries (the United States, Japan, Germany, the United Kingdom, France, Italy, and Canada). Both papers rely (implicitly or explicitly) on a binary indicator variable, taking the value one in expansions and zero in recessions. The indicator variable is constructed from a business cycle chronology for each country.
6 Artis et al. (1997) use a version of the Bry-Boschan algorithm to obtain their chronologies. Once the peak and trough dates (i.e., the beginning dates of recessions and expansions, respectively) have been identified for each country, these authors use Pearson's contingency coefficient to test the null hypothesis of independence of the G7 business cycles.
Alternatively, Bodman and Crosby (2000) treat the product ! ! as an independent Bernoulli random variable for each country. These authors are thus specifically testing the independence of recessions in each country.
5 This information is, of course, dependent on the entire observed sample. If we were forecasting future business cycles, for instance, then as the forecast horizon lengthens, the probability of future recessions from the MS-VAR model would converge to the unconditional mean (but calculated from the not the 6 In studies that employ Markov switching models, is typically derived from the state variable described above, by a rule such as if (recall that our parameterization identifies with periods of high growth). A third measure of synchronization of two or more business cycles is the concordance index described in Harding and Pagan (2003) . They define the concordance index, , between two binary series as the average fraction of the sample for which the two series are in the same state:
where " is the sample size. Harding and Pagan note that this can be re-written as
In this expression, % and $ are the estimated mean and standard deviation of ! etc., while # is the correlation between ! and ! As Harding and Pagan point out, the usefulness of equation is that it makes clear that the value of depends on both the correlation between the two series and on how often they are in the expansion state ! In measuring synchronization between cycles in industrial production for several countries, Harding and Pagan note that it is often the case that a high value of coincides with a low value of # (for a given pair of series). We find a similar phenomenon when we examine cycles in GDP across the six countries listed above.
For most of the country pairs that we examine, the posterior distribution of implied by the MS-VAR model is a much better description of the actual data than is the posterior of #
In the next two sub-sections, we assess the extent to which the United States business cycle is synchronized with those of the other countries, by presenting the posterior distributions of both and #. We constructed the prior and posterior distributions of the concordance and correlation measures using the corresponding distribution of the parameters of the MS-VAR and linear VAR models, via the simulated data series de-scribed above.
Posterior distributions of the concordance statistics
The results of our analysis of concordance among business cycles in the six countries are shown below the diagonal in tables 1 and 2 and also in figure 8 . In each figure The striking feature of these distributions is that the posterior distributions of the correlation statistics are bimodal for nearly all of the country pairs for the VAR and also for several of the country pairs for the MS-VAR. This is related to the relatively informative prior on the correlation statistics implied by the prior of the VAR and MS-VAR models. As the data is simulated under the prior of a linear model with diagonal covariance and null correlation matrices, a large mass of the prior distribution of the correlation statistic is concentrated around zero. This is in stark contrast to the relatively at distributions of the prior on the concordance indexes depicted in figure 9 . If the data are not very informative about the off-diagonal elements of the , , or matrices, then there will be very little clustering of turning points and the posterior distribution of the correlations between the business cycle states of country pairs will The MS-VAR is noticeably more informative about the nature of correlations between business cycle states across countries than the linear VAR model, and usually better at capturing the actual correlations. This is because the MS-VAR provides additional information about the temporal location of turning points. In addition, the mass of the posterior distribution of the correlation statistics for the MS-VAR lies closer to the correlation for the data than does the linear VAR for most models. However, while the MS-VAR is more informative than the VAR about the correlation between business cycle states, the only country pair for which the MS-VAR exhibits significant correlation (i.e., a t-ratio of at least 2) is the United States and Canada. Harding and Pagan (2003, p. 14 and 25) present correlation statistics and associated robust t-ratios for industrial production in several OECD countries. They also find quite small correlations relative to the estimated concordance statistics, although the correlations are generally somewhat larger in absolute value than the modes of our posterior distributions. For the country pairs in common with our sample, they find only the correlations between the Unites States and Canada and Japan and Germany to be significant at the 95% level. Given that the MS-VAR performs quite poorly in locating business cycle turning points in our GDP data for both Germany and Japan, it is not surprising that the MS-VAR fails to capture much correlation between these two countries.
Conclusions and future directions
This paper has analyzed the extent of synchronization in uctuations of real GDP across several industrialized countries using a Markov switching VAR. We find little evidence of synchronization in the sense of either a common Markov trend or covari-ance of country specific impulses across countries. However, we do find evidence of a long-run cointegrating relationship between the United States and Canada. Simulating data from the posterior distribution of the MS-VAR, we find that the only country pair for which the mass of the posterior distribution of the correlation between business cycle turning points lies away from zero is the United States and Canada.
In the title, we ask how well Markov switching models perform in measuring synchronization. We find that the MS-VAR model appears to perform quite well in capturing the synchronization of classical business cycles observed in standard reference chronologies and certainly performs better than the linear VAR. This is because business cycles simulated from a linear VAR occur with roughly equal probability throughout the sample, whereas MS-VAR models provide additional information about the location of turning points in the data. This result has implications for real business cycle researchers who use VAR models to measure co-movements in the data. Because dynamic, stochastic general equilibrium models rely on VAR representations of a (log) linearized version of a model, the "co-movement" they produce will not necessarily resemble the temporal aspects of actual business cycles. In many cases, these temporal aspects are not of primary interest. However, they are essential for answering questions such as whether business cycles have become more or less synchronized in recent years.
There are several issues that remain unresolved. The first is that we have simulated data from the entire posterior distributions of the models' parameters. It is possible that both models may have performed better in reproducing observed correlations and concordances if we had instead simulated the data from a high-probability region of the posterior distribution such as the posterior mean or mode. Secondly, it may be informative to allow for a richer dependence on lags of Markov states. This could be achieved by including in the determination of or allowing for duration dependence along the lines of Filardo and Gordon (1998) .
Finally, McConnell and Perez-Quiros (2000), Kim and Nelson (1999a) lead to an increase in the correlation between two series. It would therefore be useful to test whether or not any apparent increase in synchronization is a product of increased covariance or decreased country-specific variances. One way of doing this would be to specify the covariance matrix as following an independent Markov process. This is a multivariate generalization of McConnell and Perez-Quiros (2000), Kim and Nelson (1999a) and Smith and Summers (2002) . However, such a generalization would also imply allowing the value of the Markov variable governing the covariance matrix to affect the mean growth rates, and vice versa. There is also the issue of whether to allow for switching in the covariances between countries. We choose to leave the investigation of these issues to future work. 
